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ABSTRACT 
 
An efficient despeckling method using a quantum-inspired adaptive threshold function is presented for reducing 
noise of ultrasound images. In the first step, the ultrasound image is decorrelated by an spectrum equalization procedure 
due to the fact that speckle noise is neither Gaussian nor white. In fact, a linear filter is exploited to “flatten” the power 
spectral density (PSD) of the ultrasound image. Then, the proposed method shrinks complex wavelet coefficients based 
on the quantum-inspired adaptive threshold function.  
 The proposed approach has been used to denoise both real and simulated data sets and compare with other 
widely adopted techniques. Experimental results demonstrate that the proposed method has a competitive performance 
to remove speckle noise and can preserve details and textures of medical ultrasound images. 
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1. INTRODUCTION 
 
The random scattering variability in the acquisition procedure of ultrasound images, leads to producing low-
contrast and damaged images, typically with a granular surface appearance [1]. This phenomenon is commonly 
considered as a source of noise, and much effort has been devoted to remove this noise. Speckle noise severely damages 
the quality of the medical ultrasound image and increases the error of clinical diagnosis and therapy.  
Despeckling algorithms of medical ultrasound images have attracted many studies, both in the frequency domain 
and the spatial domain [2].  With the major limitation of poor edge preservation, the Kuan, Lee and Frost filters are the 
most classical adaptive filters by which speckle noise is reduced [3, 4]. A very efficient denoising approach is the so 
called non-local mean (NLM) [5]. In brief, this algorithm assumes that natural images contain a large number of similar 
regions, commonly referred to as similar patches, positioned at different locations of the image. The GenLik method 
proposed in Ref. [6] is one of the most successful wavelet-based algorithms [2–4], but the success of despeckling 
depends on the selection of parameters, and the capability of speckle suppression is limited even when the optimum 
parameters are selected. Khare et al. [7] introduced a despeckling approach that first detects strong edges using the 
products of an imaginary part of complex scaling coefficients and then shrinks the coefficients in the wavelet domain at 
non-edge regions. The non-edge coefficients contain the weak edge information in this approach, owing to the fact that 
the inter-scale dependency is not considered in the shrinkage function. Offering the properties of approximate shift 
invariant and directional selectivity, the dual-tree complex wavelet transform is a valuable version of the traditional real 
discrete wavelet transform [8] by which a better performance can be achieved. Dual-tree complex wavelet transform-
based denoising algorithms can reduce the severe artifacts of the critically sampled wavelet transform [9]. 
Consequently, this transform is employed to despeckle medical ultrasound images in our method. 
Some quantum-inspired approaches for ultrasound despeckling have been proposed during last decades. Ref. 
[10] proposed an adaptive non-Gaussian statistical model for the complex wavelet coefficients. Then, the quantum-
inspired probability of noise is determined in the proposed threshold function according to products of the coefficients 
and coefficients’ parents in multi-scale subbands. A novel medical ultrasound despeckling method which combine 
quantum-inspired bilateral filtering and wavelet thresholding was introduced in Ref. [11]. An adaptive bilateral filter 
under the concept of quantum signal processing was utilized in this method and exploited as a pre-processing step. 
Then, the wavelet thresholding function, on the assumption that the signal and noise coefficients in the wavelet domain 
are subject to generalized Laplace distribution and Gaussian distribution, respectively, is applied to the pre-denoised 
image. 
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Fig. 1. Simulated data. (a) Original data. (b) Noisy data. (c) Frost filter. (d) GenLik method. (e) Log-wavelet 
based method. (f) The proposed method. 
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This paper presents an efficient noise filtering method using a quantum-inspired adaptive threshold function for 
reducing speckle noise of ultrasound images. Firstly, the ultrasound image is decorrelated by an spectrum equalization 
procedure to change the type of noise into Gaussian and white. In order to broaden the power spectral density (PSD) of 
the ultrasound image, a linear filter is used. Then, the proposed method denoises complex wavelet coefficients based on 
the quantum-inspired adaptive threshold function.  
The current article is organized as follows. In the next section, the proposed method using a quantum-inspired 
adaptive threshold function is described. The simulated and real frameworks for performance evaluation, together with 
comparisons with other widely adopted filters, are presented in section 3. Results achieved and conclusions drawn are 
covered in the last section. 
 
2. Proposed algorithm 
 
2.1. Preprocessing step 
The speckle noise of ultrasound images can be considered as multiplicative noise [12] (when ignoring the 
additive component): 
Y XN=% % % . (1)
where Y% is the noisy image, X% is the original image, and N% denotes noise. If a logarithmic transformation is applied to 
the noisy image, the statistics of speckle noise will alter. The logarithmic transformation affects the high-intensity tail of 
the noise distribution (here Rayleigh), and thus, the speckle noise becomes closer to Gaussian noise [13]. Then some 
conventional image restoration methods, such as maximum likelihood filtering, shearlet filtering and anisotropic 
diffusion, can be applied [14-18]. However, many studies conceptually and experimentally show that this assumption is 
oversimplified and unnatural [19]. In fact, the speckle noise of ultrasound images is neither Gaussian nor white and thus 
the preprocessing algorithm proposed in [20] needs to be used to modify the speckle images (without affecting the 
important information they contain) such that the speckle noise in the log-transformation domain becomes more close to 
real white Gaussian noise. Then, an effective despeckling algorithm should be employed. To this end, a spectrum 
equalization procedure is used intending to decorrelate the image samples. A linear filter l(i, j) is designed to broaden 
the PSD of the image. The transfer function of this filter is as follows: 
( ) ( )( ) 0.51 2 1 2, | , |L w w H w w e
-
= +  (2)
where ( )1 2,L w w  and ( )1 2,H w w denote the Fourier spectrum of the linear filter and the complex point spread 
function (PSF) of the envelope detected image, respectively. The free parameter ε is adjustable and can regulate the 
decorrelation extent. The magnitude of the spectrum ( )1 2,H w w can be estimated by the method proposed in [20]. Then 
the shrinkage method described in the following subsection can be applied to the image. 
 
1.2. Despeckling step 
In the dual-tree complex wavelet transform domain, one can model the log-transformed ultrasound image by Y = 
X + N, where Y = Yr + iYi, X = Xr + iXi and N = Nr + iNi denote the complex wavelet coefficients of Y% , X%  and N% , 
respectively. Using the MAP estimator, we can write:  
( )( ) ( ) ( )( )|ˆ arg max arg max|X Y N XX XX P X Y P N P X= =  (3) 
Supposing that the distribution of N  is close to a Gaussian probability density function (PDF) and using the non-
Gaussian statistical model of the complex wavelet coefficients, the following formula is obtained: 
( ) ( )2 22
3 3exp exp
2X r i
P X X X K
ps s
æ ö
= - +ç ÷ç ÷
è ø
 (4) 
 
 where s and K are parameters of the model. The MAP estimator of X can be easily derived as: 
( )( )2 2 2
2 2
max 3 exp / , 0
ˆ r i n
r i
Y Y K
X Y
Y Y
s s+ -
= ´
+
 (5) 
The magnitude values of high frequency subbands have stronger correlation than those of noise coefficients 
across diffrent scales. If a parent coefficient of the image is of large magnitude, then its children are more likely to be  
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Fig. 2. Real ultrasound image. (a) Original data. (b) Frost filter. (c) GenLik method. (d) Log-wavelet based 
method. (e) The proposed method. 
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large. Beacuse the interscale dependency of coefficients exists, the coefficients and their parents are exploited to 
distinguish between the noise coefficients and signal coefficients in the high frequency scales: 
( ) ( )1| , | | , |S s sxyC Y x y Y x y+= ´  (6) 
According to the basic concepts of quantum signal processing [21], the state of high frequency scales SxyC  at the 
sth scale can be expressed in a superposition state of noise and image as follows: 
| | 0 |1 0SxyC a b>= > + >  (7) 
where a and b denote probability of amplitude values of states |0> and |1>, and |a|2 and |b|2 are the measurement 
probability of noise state |0> and signal state |1>, respectively. In addition,  |a|2 + |b|2 = 1. Let SxyNC  denote the 
normalized SxyC , reflecting the power of high frequency subbands to some degree. |
S
xyC >  is defined as: 
( ) ( )| cos / 2 | 0 sin / 2 |1S S Sxy xy xyC NC NCp p>= ´ > + ´ >  (8) 
The probability of noise N(m, n) in the sth level is equal to ( )2cos / 2SxyNC p´  by which the linear probability 
of noise is nonlinearly enhanced. So, the parameter K is adaptively determined by ( )2cos / 2SxyK NC p= ´ . 
The steps of the proposed algorithm are: 
1) Apply the spectrum equalization procedure explained in the previous subsection. 
2) Calculate the log-transformation of the noisy ultrasound image. 
3) Use the complex wavelet to obtain the coefficients of the log-transformed noisy image.  
4) Denoise the wavelet coefficients based on the quantum-inspired adaptive threshold function as follows:  
· Estimate the parameter K by ( )2cos / 2SxyK NC p= ´ .  
· Update each coefficient using (5). 
           5) Apply the inverse complex wavelet to the estimated coefficients. 
           6) Calculate the exponential transformation (inverse of log-transformation) to obtain the denoised image. 
 
3. Results 
The performance of the proposed quantum-based approach is evaluated on different kind of data sets, both 
simulated and real ones, and compared with that of other approaches proposed in the literature. Our method is 
compared with various despeckling techniques such as the Frost filter, GenLik method [6] and the log-wavelet based 
method [22]. A three level decomposition scheme of complex wavelet transform is used in our approach.  
Figs. 1 and 2 show the visual quality of the experiments. Furthermore, table 1 gives the objective evaluation of 
the experiments, in which the edge preservation measure β is used [0,1]b Î . The closer the measure β approaches to 1, 
the better the effect of edge preservation is. In addition to the measure β, the quality of the despeckled images is 
investigated by the SNR(dB) [23-25]. As can be observed, the proposed method not only gives superior performance in 
terms of the SNR index, but also has a better edge preservation capacity (see table 1). Moreover, the subjective image 
quality by the proposed method is much better than the other existing methods in image details preservation and speckle 
suppression. 
Table 1. Objective evaluation of different despeckling methods in Figs. 1 and 2. 
                       Simulated data 
Method Noisy  Frost GenLik log-wavelet Our method 
β 0.463 0.427 0.571 0.726 0.872 
SNR(dB) 10.49 14.76 15.92 16.43 19.94 
 
 Real data 
Method Noisy  Frost GenLik log-wavelet Our method 
β 0.504 0.490 0.629 0.778 0.905 
SNR(dB) 11.76 15.33 17.02 17.59 20.31 
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4. Conclusions 
An effective despeckling method was introduced combining a quantum-inspired adaptive threshold function and 
an spectrum equalization procedure. We firstly decorrelated the ultrasound image by an spectrum equalization 
procedure to change the kind of noise into Gaussian white noise. To this end, a linear filter was used to broaden the 
PSD of the noisy image. Finally, the proposed method denoised complex wavelet coefficients based on the quantum-
inspired adaptive threshold function. Experimental results demonstrated that the proposed method has a competitive 
performance to suppress speckle noise and preserve edges for medical ultrasound images. Furthermore, we showed that 
this algorithm can provide a feasible despeckling method to improve medical ultrasound image quality by combining 
basic quantum theory with image processing technology. 
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